Introduction
While there is a philosophical debate on the ontology of institutions resting in "rules", the notion is not new that rules in society are associated with its complex of institutions, even if they are not necessarily generated by it. The "matrix of institutions" in North [1] is an example of the application of this idea to development, and it makes this connexion vivid. Moreover, within a society, a hierarchical arrangement of institutions is implicit in two ideas: first, that institutions evolve over time at different rates (Williamson [2] ), and second, that rules are often formalized based on the informal, cultural context in which they are situated.
Relatedly, institutions are routinely seen as instruments for regulation, or, more broadly, "control". Since the systems that they are reified in order to control do not conform to strong theories such as those governing physical systems, they are enshrined with overarching codes and general rules instead. These rules then comprise the knowledge base that their managers can rely upon to exert control in trying to achieve objective behaviors, rather than deterministically achieving objective outcomes.
Economists usually recognize that these rules are not immutable in practice (they are often not even forma-* Corresponding author.
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lized) and neither is their validity necessarily axiomatic (indeed, they are routinely amended). How then can institutions be studied with a focus on the progressive evolution of the rules that inhere to them? This paper suggests an interesting and promising methodology. To adumbrate, we see institutions as rule bases where the rules themselves are fuzzy sets of "semantic terms" that permit partitioning control "efforts" allowing the assignment of contextually determined semantic terms to these sets; the rules thus act as parameters for institution managers to rely on as they attempt to control a system using their subjective assessments. The benefit of using the fuzzy control system analogy for the rule bases of institutions is not trivial. Seen thus, institutions are always contextual: instantiated by individuals who share some subjectivity in expressing their desire and ambition for an institutional process, which is codified into a database of semantic terms-a fuzzy rule base-that can subsequently be relied upon by other institutional managers in their absence. The model thus precludes the very premise of considering institutions as first-best and context-free phenomena, a premise that has justifiably received criticism (Rodrik [3] ).
Fuzzy Rules and Context
To see the structure and flexibility of the approach across types of institutions, consider, first, institutional regulation as the 5-tuple:
where, for any given institution Θ , d is its regulatory domain, γ is the "constitutional" remit for the institutional process, ( )
is the process that links regulatory control to an outcome, and finally f is the feedback generated once y is realized. Here we might envisage r as having been derived from rules that describe strategies for subjective and qualitative regulation once an objective for control over d has been identified 1 .
In the characterization of an institutional context the database of these "fuzzy rules" is, therefore, fundamental to institutional design. However, these rules are borrowed, often from primitive institutions and sometimes from parallel institutions. Different approaches to solve the problem are discussed in [4] . Indeed, institutions are at the heart of defining "context" because they are almost always nested within other institutional environments--that is to say, the databases of their fuzzy rules have an hierarchical structure. Subjective opinion as well as objective data are usually relevant in constructing a qualitative, fuzzy regulatory model for an institution; likewise, in fuzzy control theory, databases of fuzzy rules are usually founded upon a combination of expert insight (or, perhaps, foresight) as well as amendments engendered through observed data. As an analog to the perspective of this approach, the function of Γ is that of coordinating across the opinions of key individuals, and resolving issues pertaining to the completeness and consistency of the fuzzy rule base. On the other hand, with only data being available, the initial problem is that of the identification of a relevant (and acceptable) Γ , such as in the case of transplanting institutions (or even entire institutional systems) across contexts.
As Figure 1 portrays, the process of feedback occurs outside the rule base instantiated by γ for θ , and, as such, makes the process subject to exogenous variation; to the extent that such variation is systematically related to the environment of institutional regulation, such feedback would serve to further contextualize the process. 1 The degree of subjectivity may vary depending on the institution due to factors such as the consensus in understanding of the process.
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Fuzzy control theory often employs hierarchical dimensions to its rules in order to deal with systems that differ in the extent of their fuzziness just as institutions differ in the degree to which they rely on imprecise, subjective or informally stated rules. Therefore, in what follows, we develop an approach that would permit examining nested regulatory control rules while parameterizing the dimensions of the database of fuzzy rules.
Fuzzy Rules for a Hierarchical Institutional System
Define a linguistic variable, x, using the 5-tuple ( ) , , , ,
, where X is the semantic range of x, such that each assumed value constitutes a fuzzy variable in the universal set U that contains the real meaning of x; ψ is a methodology for yielding new categories for x over X . Finally, µ specifies a methodology to assign each new fuzzy variable an interpretation by way of a new a fuzzy subset on the universal set. For an individual providing subjective input within the institution, its linguistic scale is pivotal in guiding those qualitative assessments. The efficacy of a linguistic scale relates to the level of fuzziness, and the tradeoff is principally in its size; it must be sufficiently small to avoid unnecessary accuracy, yet sufficiently large to enable the requisite granular gradation by an informed individual 3 . The idea of nested and hierarchical institutions relying on nested knowledge bases can be developed by introducing the notion of a linguistic level ( )
where the hierarchy is defined by t n . The hierarchy of the knowledge base within nested institutions in a given context of institutions, Θ , can be represented by Θ Ω and is a union of linguistic levels that differ in the degree of their specificity 2 t n ≥ (dimensions of the linguistic scale of level t). Thus,
is contextualized by the specificity of the linguistic base and the rule base that is derived from the linguistic scale, each specific to a given level. Therefore,
where ( ) , t t n ϒ stands for the linguistic base at level t with the associated specificity of t n , and ( ) Γ , t t n stands for the rule base assembled from the linguistic scale applicable at level t.
We may now specify an attribute Π, 1 ω ω ∈ > , and a criterion for the linguistic scale Λ . The fuzzy rule base ( ) Γ , t t n at level t may be seen to incorporate two rule bases:
t n is a fuzzy rule base at level t with the optimal rules that meet the condition
t n is a rule base of level t, containing suboptimal rules that do not meet condition (1), and Δ d is the set of all input and output variables. The inherent elasticity of the linguistic scale governs the transition from level t to t + 1. Starting from term 2, a certain term generated by ψ is added to each term from the left. For level t + 1, the dimension of the linguis- t n are extended using a newly-formed scale of level t + 1. Subsequently, the application of criterion (1) to these rules would identify the optimal ones among them. The algorithm, as described, allows for deriving the required result by a proper specification of the initial granulation degree t n and the extendability attribute ω . Note that this approach to form the initial rule base appears reasonable where only a small number of variables and membership functions are involved. Third, the initial rule base is likely to require optimization since it is likely to be characterized by redundancies involving inconsistencies in the rules within the rule base. Optimizations of institutional rules over time can be modeled by using information on expert insight or by examining how the institution learned and adapted to observed outcomes and data.
The ability of this approach, beyond guiding a model of institutional context, is naturally also prescriptive. For instance, one approach to reducing the size of a fuzzy rule base uses observed data that would be relevant to the institutional context in its entirety. All examples from the observed or "learning sample" are tested against each rule, and each rule is given a rank. Given these ranks, the rules with lowest ranks can be eliminated from the base. Naturally, it then makes sense to remove rules that generate different membership functions for the output variable since, in such cases, rules would be in contradiction, and retaining only the rule with the highest rank would make sense. In such a manner, the total number of the rules in the base can conceivably be reduced leaving only the most consistent of the rules that remain to form the final rule base.
Conclusion
Adopting a fuzzy rule base model as the workhorse for institutional analysis has certain rather promising attractions, which have only been hinted here. Besides being rule focused, the approach allows the rule base to be assessed on the merits of its optimality. The rules themselves are based on the linguistic scales of the context, and that, in turn, requires theoretical bottom-lines to be tested against observed data or subjective, expert opinion. In other words, the approach will allow for a genuinely contextual theory of institutions.
